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Supplementary material

Text S1: Supplementary methods
Description of the nonlinear mixed effect models.

Nonlinear mixed effect models (or the population approach) allows a description of
population characteristics (fixed effect) as well as the inter-individual variability (I1V,
random effect)’. In this method, a function f describing the variables being modeled, e.g., the
viral load, depends nonlinearly on 6;, a vector of the p parameters of subject i. A vector &
representing the times at which samples are collected from subject i, & = (ti1; tio; ..., fin), IS

also considered. The statistical model for subject i is then given by:

Yi = f(gi;gi)—i_gi(a_'_bf(gi;éji))
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where y; is a vector with n; observations of subject i, with i varying from 1 to N, & is
the vector of the residual errors which is the part of the observations unexplained by the
model f. It is assumed that the errors & are independent from one observation to another and
that their distribution is Gaussian & ~ N(O; In;), where I, is an identity matrix of dimension n;.
a and b are two parameters characterizing the error model variance. To fit the data, we used

an additive error model: y = f +ag, where y is the observed response, f is the model

function, a is the additive error term, and the error, ¢ is normally distributed following
N(0,1).

In nonlinear mixed effect models, the model f is common to all the subjects, but the
vector of parameters &; for subject i may vary from one subject to another. The inter-
individual variability is modeled with the vector of random effect parameters ;.

The vector of parameters 6; for the subject i can then be expressed as a second-level
model which links with the function g, the vector of fixed effect parameters £ common for all
subject and the vector of random effects b; specific for subject i: 6 = g(B;7). The vector of
random effect is assumed to follow a Gaussian distribution 7 ~ N, ), ni and &g are
assumed to be independent for subject i and 7; | is assumed independent from one subject to
another. Q is the matrix of random effect variance and covariances. The function g is here an
exponential model. The vector of parameters is hence written as 8 = Be:.

Parameter estimation and statistical methods. Population parameter estimates and

inter-individual variability (11V) estimates were obtained using a maximum-likelihood
method implemented in MONOLIX version 4.3.3 (http://software.monolix.org), which uses
the stochastic approximation expectation-approximation (SAEM) algorithm? to estimate
population parameters. The VK model was fitted to logio viral load. HCV genotype, cohort

and patient type (treatment naive vs. non-responder) were included as covariates in the model
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to study their effect on the PK/VK parameters. Individual parameters were estimated using
the empirical Bayes method®.

The model was simultaneously fitted to VK, systemic and respiratory symptom data
since simultaneous fitting has been shown to provide more precise estimates *°. Parameters
estimated were b, p, v, 1, @, o, y and p. For each parameter, we report the population
estimates and their relative standard errors, as well as the inter-individual variability in
percent with its relative standard error (Table 1).

Individual parameters were estimated using the empirical Bayes method ® and are

presented in Tables S1. In the following we present only the significant results.

Dimension analysis

The ODEs compartments are the following:

T: unit = cell

I: unit = cell

V: unit=TCID50/mL

F. and Fs: unit= arbitrarily set to F (this represent the cytokines levels)
N: cytotoxic activity: unit= Cell*.d™

Cell.d *=beta.cell. TCID50/mL

Cell.d *=beta.cell. TCID50/mL — delta.cell — eta.Cell. Cell*.d™
TCID50/mL.d*=p.Cell/(1+psi.F) — s.TCID50/mL - sigma .beta.cell.TCID50/mL
F.d'1=gamma.CeII —alpha,.F

F.d'=rho.F - alphas.F

Cell.d?=k.F

We can then deduce that:
beta = (TCID50/mL)™d™
delta=d™

eta = Cell

psi = Ft

c=d*?

sigma = Cell*.TCIDso/mL
p = TCID50/mL.d.Cell™
gamma = F.Cell*.d*
alpha, = d?

rho=d™

alphas=d'1
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Practical identifiability results

To choose the values for these parameters, we re-estimated the parameters for every
combination of the following V=0.1, 0.5 and 1.0 TCIDs¢/mL, 6=0.5, 1.0 and 2.0 d** and
c=1.0, 3.0 and 10.0 d™*. These values are in the same range as the parameter estimates
obtained in previous human vivo studies °®. We chose the set that provided the smallest
Bayesian information criteria (BIC), where V=0.5 TCIDso/mL, 5=0.5 d™ and c=1.0 d* (Fig.
S1). We found that four parameters, p, ¢, 5, asdid not vary significantly between the
different fits and that infectivity rate, S, tended to be lower whereas production of local
cytokines () and diffusion of cytokines to circulation (p) tended to be higher with lower
virus clearance, c. The effect of cytokines () tended to be higher with lower infected cell

mortality rate () (Fig. S1).
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Table S1: Parameter estimates (mode) for individual patients.
Individual parameters are Empirical Bayes Estimates

Infectivity rate Virus production Local Cytotoxic Local cytokines Systemic cytokines | Systemic cytokines | Local cytokines
ID rate cytokines activity clearance rate production rate production rate production rate
[(TCcID50/mL)*d™] | P effect n o p o Y
x10° [(TciDso/mL)*d” |y [l [Fd] [F] [d”] [F.Cell".d™]
‘cell] [F1

1 2.61 5.00 1.53 59.74 4.63 3.02 2.12 3.9310"
2 8.96 6.87 63.64 101.47 0.83 1.74 18.64 1.28 107
3 0.96 20.30 35.67 604.34 0.40 19.57 43.39 2.8610°
4 1.78 10.36 3.32 112.05 1.85 32.15 6.65 7.6110°
5 3.69 13.88 14.83 637.89 1.11 34.16 44.46 1.16 10®
6 2.01 15.75 14.31 424.87 0.75 43.15 35.55 1.16 10”7
7 0.22 9.48 0.49 1923.90 5.62 5.74 3.91 0.0170
8 0.97 191 0.15 563.47 9.11 0.64 1.25 4.42 10"
9 1.55 11.56 25.69 166.77 0.69 8.33 11.61 8.1210°
10 0.25 10.58 0.62 1595.80 5.22 6.90 4.18 0.0165
11 0.26 8.76 0.50 1730.40 5.64 4.82 3.62 0.0156
12 1.94 6.19 3.62 178.75 2.36 4.05 5.62 2.08 10”
13 3.53 13.33 236.52 17.64 0.34 13.57 2391 1.52 10”7
14 0.25 8.13 0.51 1856.00 5.13 4.44 4.25 0.00772
15 1.61 11.85 119.30 5.75 0.54 5.05 9.23 1.54 10"
16 0.90 13.45 10.43 139.38 1.23 21.06 13.91 1.60 107
17 0.62 6.56 1.22 247.99 5.23 2.89 2.41 0.00603
18 0.30 7.84 0.42 | 2191.80 5.74 3.59 3.72 0.0121
13 0.57 10.95 1.41 1686.30 3.13 7.98 7.74 4.40 10"
20 4.56 2.38 1.83 145.08 3.27 0.71 3.01 4.1110°
21 1.00 9.75 18.00 158.38 0.95 3.25 12.78 8.60 10”
22 4.46 21.25 168.61 271.98 0.43 5.65 42.17 2.6010°




23 1.03 27.30 47.57 68.73 0.83 32.01 30.23 6.38 10”
24 4.87 7.37 2.47 52.75 4.26 14.62 9.45 1.99 10°
25 3.27 9.02 140.15 117.79 0.43 1.32 19.33 2.3610°
26 0.25 79.53 26.54 | 1140.60 0.70 437.68 76.25 4.50 10”
27 10.21 10.09 230.35 127.84 0.19 8.05 52.65 7.4310™
28 0.30 12.84 1.73 972.28 2.74 21.15 13.69 1.1010™
29 8.06 3.66 3.02 222.50 1.43 5.28 10.80 9.7110°
30 2.86 10.05 41.55 3.85 2.26 17.37 8.06 3.3210°
31 14.64 7.91 54.94 6.85 0.51 24.12 26.14 2.5010°
32 2.77 16.23 27.71 40.58 0.42 69.12 41.36 1.18 107
33 7.50 5.27 39.62 130.83 0.57 1.63 24.98 3.2110°%
34 0.31 14.23 0.68 585.35 6.13 16.38 3.98 0.0324
35 0.68 5.29 0.97 693.93 4.08 1.81 2.92 0.00138
36 0.43 9.98 0.70 | 1670.80 4.67 7.05 4.87 0.00292
37 1.51 11.83 4.76 160.13 2.38 19.40 15.67 8.9810°
38 2.54 9.07 8.82 65.12 1.14 12.69 12.41 3.1110°
39 4.94 16.83 103.35 10.62 0.87 11.65 24.15 7.3210°
40 1.16 25.67 24.92 218.02 1.18 30.56 21.72 4.92 10°
41 2.07 18.01 34.40 218.05 0.71 21.18 58.77 4.94 107
42 0.38 4.72 1.26 264.29 3.88 1.25 3.42 0.00472
43 1.51 15.90 208.25 49.76 0.89 2.24 10.04 3.5010™
44 3.36 14.64 89.13 26.93 1.34 7.87 4.54 5.06 10”




Table S2: Estimated correlation matrix of the random effects. The relative standard error
(rse) is the ratio of the standard error divided by the average value and is computed for each
population estimate and IIV.

p p U n o p os
p -0.25
(80)
v 0.54 0.52
(32) (31)
n -0.66 -0.06 -0.65
(21) (349) (18)
o -0.50 -0.48 -0.91 0.48
(33) (33) (5) (32)
P -0.15 0.76 0.21 -0.12 | -0.28
(208) (28) (128) (216) | (94)
Ols 0.27 0.71 0.73 025 [-0.82 [0.59
(121) (37) (31) (117) | (22) (35)
v -0.82 -0.05 -0.63 0.51 0.70 025 | -0.64
(9) (414) (20) (29) (14) (105) | (37)
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Figure S1. Boxplots of BIC and parameter estimates obtained after fitting the model for
different values of & (orange), Vo, (blue) and c (green). We re-estimated the model
parameters for different fixed values of 9, Vp and c. We tested our model for 6=1.0, 3.0 and
10.0 d, for Vo=0.1, 0.5 and 1 log1p TCIDso/mL and for ¢=0.1, 0.5 and 1.0 d?. we represent
here the BIC as well as the population parameters distribution depending on the value of
the fixed parameters.
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Figure S3. Goodness of fit plots for viral titre (left), systemic symptoms (centre) and
respiratory symptoms (right). The upper panels represent the observations vs. predictions,
the black line is the line of identity, the blue line the spline and show that the model fits well
the data. The central panels represent the Normalised prediction distribution errors (NPDE)
vs. the predictions and show no trends in the distribution of the residual depending on the
predictions and the lower panels represent the NPDE vs. time and show no trends in the
distribution of the residual depending on the sample time. Overall these goodness of fit
plots suggest that the model fits well the data.
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different scenarios tested.
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Monolix code:
DESCRIPTION: Influenza viral kinetic, systemic and respiratory symptoms
dynamics

INPUT:

parameter = {V0, beta, delta, p, psi, eta, ¢, sigma, alpha, gamma R,
alphasys, gamma S} ; Parameters to estimate

EQUATION:

odeType = stiff

; compute the initial values
t0 = 0
Tt 0 = 4e8 ; Fixing initial number of target cells to 4x10"8

I 0=20
v 0 = Vo0 ; Estimating initial viral titre
FO0O=0
Fs=0
N O =20

rrorrrrrrrrr T r I r LI LI LI LI LI

; System of ODE

ddt Tt = -beta*Tt*V ; Target cells

ddt I = beta*Tt*V - delta*I -eta*I*N ; Infected cells

ddt V = p/(l+psi*F)*I - c*V -sigma*beta*Tt*V ; Free virus

ddt F = gamma S*I - alpha*F ; Local pro-inflammatory cytokines

ddt Fs = gamma R*F-alphasys*Fs ; Systemic pro-inflammatory cytokines

ddt N = Fs ; Cytotoxicity

LVL =max (logl0(V),0) ; Log-transformed viral titre

logistS =12* (Fs/ (1+Fs)) ; Transformation of systemic pro-inflammatory
cytokines levels into systemic symptom score

logistR = 12* (F/ (1+F)) ; Transformation of local pro-inflammatory

cytokines levels into respiratory symptom score

OUTPUT :
output = {LVL, logistS, logistR} ; Fitting simultaneously viral titre
and symptoms scores
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